Abstract: For reducing emissions from deforestation and forest degradation (REDD+) programs, it is particularly important that monitoring for emission reductions is tied to the revenues a developing country receives from REDD+ projects; any estimated uncertainties will have significant impacts on the emission reduction estimation and incentive scheme of REDD+. However, the effects of estimated uncertainties on incentives for developing countries have not been deeply discussed in the current literature. To fill this gap, two estimation approaches for emission reductions are introduced by considering the incentive coefficient by the principle of reliable minimum estimation. The relationship between estimated uncertainties and incentive coefficient is simulated to illustrate the effects of estimated uncertainties on the emission reduction estimation and incentive scheme. Data from six tropical developing countries is used, including Nigeria, Honduras, Indonesia, Kampuchea, Garner, and Brazil. The results indicate that both the errors of referential and actual carbon stock must be considered when estimating and predicting emission reductions. The effects of the error of actual carbon stock on the emission reduction estimation and incentive coefficient were determined to be more influential. The current incentive scheme was more favorable to developing countries with high carbon stock variability, while developing countries with low carbon stock variability had insufficient incentives to implement REDD+ project.
Introduction
Emissions from deforestation and forest degradation have accounted for 12-20% of global anthropogenic carbon emissions [1] . Thus, a program entitled "Reducing emissions from deforestation and forest degradation (REDD+)" has become the priority means to deal with global climate change in developing countries [2] . Under this program, developing countries could receive rewards or compensations for avoiding or reducing deforestation and forest degradation [3] . REDD+ can help developing countries reduce deforestation and forest degradation, and it also promotes sustainable forest management, forest conservation, and increasing carbon stocks. Even some other activities of forest management are likely to be integrated into ongoing REDD+, such as regrowing tropical secondary forests after shifting cultivation [4, 5] . All these measures can effectively improve the value of forest resources in developing countries and provide incentives for those countries to conserve their forests. More and more developing countries have joined the REDD+ readiness program under the United Nations Framework Convention on Climate Change (UNFCCC). For example, 47 partner error. Another recommendation to deal with estimated uncertainties is the "risk charging method" [29] . According to such approach, it is advisable to estimate uncertainties from confidence intervals. However, Plugge, et al. [30] find that the confidence interval contains only the sampling error. Thus, the magnitude of the estimated change in carbon stock using RME is less than that estimated using a confidence interval approach, while RME contains a variety of errors. Thus, Grassi, Monni, Federici, Achard and Mollicone [26] argue that the RME method is a more conservative approach, which can improve the reliability of emission reduction estimates. Based on the above considerations, this paper will examine the estimated uncertainty within REDD+ framework by using RME as a whole without breaking it into several components. According to the conservative principle, the RME estimates the emission reductions by comparing the difference between the lower error bound of the referential period and the upper error bound of the assessment period. Since UNFCCC [31] demanded that emission reductions should not be overestimated, the adoption of RME in the assessment period is a prerequisite for establishing an MRV system in the REDD+ project. Thus, only the lower error bound of emission reductions in the referential period can comply with the accounting requirements. However, the current literature has not well discussed the effects of estimated uncertainties of referential and actual carbon stocks.
This paper develops some of these estimated uncertainty arguments on emission reductions and incentives in different types of developing countries. This paper makes the following three contributions: (i) considering incentives in the estimation of carbon stock variability through a series of national datasets to simulate the effects of estimated uncertainties on emission reduction estimates and incentives; (ii) considering the current incentive scheme of REDD+ projects and determining if they are more beneficial to developing countries with high carbon stock; and (iii) comparing the effect difference between the error of referential carbon stocks and the error of actual carbon stocks on emission reduction estimates.
Methods

Estimation Approaches for Emission Reductions under Current Incentive Schemes
This paper assumes a "business-as-usual" (BAU) scenario without any efforts to avoid or reduce emissions related to deforestation and forest degradation to assess the effects of the REDD+ project on emission reductions. With this approach, this paper could obtain the emission reductions by comparing the difference between the referential carbon stocks under BAU scenario and the observed carbon stocks at the end of the assessment period (∆C).
where C R represent actual carbon stocks at the end of the assessment period, and C B represents the referential carbon stocks under BAU scenario. The parameter C 0 represents the initial carbon stocks, and the parameters θ R and θ B represent the actual variability and the referential carbon stock variability, respectively. Since REDD+ projects may create the incentives to avoid or reduce deforestation and forest degradation, the actual carbon stocks would be equal or greater than the referential carbon stocks, i.e., ∆C ≥ 0. Similarly, due to the incentive scheme, landholders would reduce deforestation or even increase afforestation and reforestation efforts, which could produce actual carbon stock variability being equal or greater than the referential variability, i.e., θ R ≥ θ B . Consequently, θ R and θ B have the following relation:
where α represents the incentive coefficient, which reflects the effects of the incentive scheme in REDD+ projects. If the REDD+ project has a positive incentive, which reflects reduced deforestation and forest degradation, then α ≥ 0; if not, then α < 0. By substituting Equation (2) into Equation (1), the emission reductions become:
According to Equation (3), the emission reductions (∆C) depend on three variables: initial carbon stocks (C 0 ), referential carbon stock variability (θ B ), and the incentive coefficient (α).
This paper does not take into account the estimated uncertainties in the above calculations of emission reductions. There are two kinds of estimated uncertainties in measuring the emission reductions: the estimated uncertainty of referential carbon stocks and the estimated uncertainty of actual carbon stocks. According to the conservative approach, emission reductions should not be overestimated to ensure the estimation reliability [26] . When the RME method is employed to estimate emission reductions, only the upper error bound of referential carbon stocks is consistent with the conservative principle for estimating uncertainties. Following Plugge and Köhl [32] , I established two estimation approaches for emission reductions that consider incentives. Figure 1 depicts these two estimation approaches. Approach A (see Figure 1a ) considers both the estimated uncertainty of actual carbon stocks and the estimated uncertainty of referential carbon stocks. Thus, the final emission reduction estimates are the difference between the lower error bound of actual carbon stocks and the upper error bound of referential carbon stocks. Approach B (see Figure 1b) focuses on the estimated uncertainty of referential carbon stocks, and this paper can obtain the emission reduction estimates by calculating the difference between the upper error bound of actual carbon stocks and the upper error bound of referential carbon stocks. Since Approach A is more conservative than Approach B, the estimated emission reductions using Approach A are commonly lower than the estimated emission reductions using Approach B. According to Equation (3), the emission reductions (ΔC) depend on three variables: initial carbon stocks (C0), referential carbon stock variability (θB), and the incentive coefficient (α).
This paper does not take into account the estimated uncertainties in the above calculations of emission reductions. There are two kinds of estimated uncertainties in measuring the emission reductions: the estimated uncertainty of referential carbon stocks and the estimated uncertainty of actual carbon stocks. According to the conservative approach, emission reductions should not be overestimated to ensure the estimation reliability [26] . When the RME method is employed to estimate emission reductions, only the upper error bound of referential carbon stocks is consistent with the conservative principle for estimating uncertainties. Following Plugge and Köhl [32] , I established two estimation approaches for emission reductions that consider incentives. Figure 1 depicts these two estimation approaches. Approach A (see Figure 1a ) considers both the estimated uncertainty of actual carbon stocks and the estimated uncertainty of referential carbon stocks. Thus, the final emission reduction estimates are the difference between the lower error bound of actual carbon stocks and the upper error bound of referential carbon stocks. Approach B (see Figure 1b) focuses on the estimated uncertainty of referential carbon stocks, and this paper can obtain the emission reduction estimates by calculating the difference between the upper error bound of actual carbon stocks and the upper error bound of referential carbon stocks. Since Approach A is more conservative than Approach B, the estimated emission reductions using Approach A are commonly lower than the estimated emission reductions using Approach B. To distinguish the two kinds of estimated uncertainties, e1 (e1 ≥ 0) and e2 (e2 ≥ 0) are used to represent the errors of referential and actual carbon stocks, respectively. According to Equation (3), the estimated emission reductions using Approaches A and B are as follows:
where ΔCA and ΔCB represent the estimated emission reductions using Approaches A and B, respectively. According to Equations (4) and (5), the emission reductions (ΔCA and ΔCB) are functions that depend on initial carbon stocks (C0), referential carbon stock variability (θB), incentive coefficient (α), the error of referential carbon stocks (e1), and error of actual carbon stocks (e2). Since the estimated uncertainties may offset the positive incentive effect of REDD+ projects, the emission reductions should be positive to guarantee the incentive scheme plays a role in reducing emissions related to deforestation and forest degradation. Assuming ΔCA = 0 or ΔCB = 0, the minimal incentive coefficient To distinguish the two kinds of estimated uncertainties, e 1 (e 1 ≥ 0) and e 2 (e 2 ≥ 0) are used to represent the errors of referential and actual carbon stocks, respectively. According to Equation (3), the estimated emission reductions using Approaches A and B are as follows:
where ∆C A and ∆C B represent the estimated emission reductions using Approaches A and B, respectively. According to Equations (4) and (5), the emission reductions (∆C A and ∆C B ) are functions that depend on initial carbon stocks (C 0 ), referential carbon stock variability (θ B ), incentive coefficient (α), the error of referential carbon stocks (e 1 ), and error of actual carbon stocks (e 2 ). Since the estimated uncertainties may offset the positive incentive effect of REDD+ projects, the emission reductions should be positive to guarantee the incentive scheme plays a role in reducing emissions related to deforestation and forest degradation. Assuming ∆C A = 0 or ∆C B = 0, the minimal incentive coefficient to ensure the successful implementation of REDD+ projects can be obtained as follows:
Simulation Study
A simulation study was conducted to illustrate the effects of two estimated uncertainties on emission reduction estimations and the incentive coefficient. The carbon stock variability between 2010 and 2015 was utilized to establish the baseline and thereby predict the referential carbon stocks at the end of commitment period (i.e., 2020) under the BAU scenario. Correspondingly, this paper regards the carbon stocks in 2015 as the initial carbon stocks.
Following Plugge, Baldauf and Köhl [30] , this paper selects six tropical developing countries with different carbon stock variability to examine the effects of estimated uncertainties: Nigeria, Honduras, Indonesia, Kampuchea, Garner, and Brazil. These developing countries show high (−23.04%) to low (−0.67%) variabilities of carbon stocks (Figure 2 ), which can adequately reflect the difference in the effects of estimated uncertainties in the developing countries with different carbon stock variability. 
Following Plugge, Baldauf and Köhl [30] , this paper selects six tropical developing countries with different carbon stock variability to examine the effects of estimated uncertainties: Nigeria, Honduras, Indonesia, Kampuchea, Garner, and Brazil. These developing countries show high (−23.04%) to low (−0.67%) variabilities of carbon stocks (Figure 2 ), which can adequately reflect the difference in the effects of estimated uncertainties in the developing countries with different carbon stock variability. The data on carbon stocks in 2010 and 2015 are available via FAO's Global Forest Resources Assessment (FRA) [33] . However, country reporting is criticized as inaccurate, and, in some cases, the statistics seem to be made up because they differ so little from period to period [34] . Thus, it is recommended to use the data of carbon stocks from remote sensing from (e.g., Hansen, et al. [35] ). However, remote sensing estimates have their shortcomings. The remote sensing-based estimates of The data on carbon stocks in 2010 and 2015 are available via FAO's Global Forest Resources Assessment (FRA) [33] . However, country reporting is criticized as inaccurate, and, in some cases, the statistics seem to be made up because they differ so little from period to period [34] . Thus, it is recommended to use the data of carbon stocks from remote sensing from (e.g., Hansen, et al. [35] ). However, remote sensing estimates have their shortcomings. The remote sensing-based estimates of net deforestation are usually too small and are not statistically significantly different from zero [36] . Furthermore, it is poor to estimate the values of carbon stocks next to the minimum or maximum of the data range [37] . Although there are no perfect data on carbon stock variability, FRA is still a valid data source for estimating carbon stock variability by using the Tier designations to provide a measure of relative confidence in data at the variable level [38, 39] . Thus, the data of FRA are used to set up the referential carbon stock variability (θ B ) between 2015 and 2020 (the referential period is five years). The corresponding data are shown in Table 1 . The simulation process requires consideration of errors. The current forest inventories showed that the realistic error intervals ranged from 1% to 10% [40] . Thus, the range of error (e i ) is assumed as {0%, 1%, 2%, 5%, 10%}, where i = 1, 2 represents the referential level, and the actual level. e i = 0 represents the ideal situation without any errors.
Results
Effects of Estimated Uncertainties on Emission Reductions
According to Equations (4) and (5), the emission reductions of the selected developing countries in 2020 could be predicted using Approaches A and B in the presence of errors of referential and actual carbon stocks. Following Plugge, Baldauf and Köhl [30] , the incentive coefficient is assumed to be 0.5 (α = 0.5); it means the actual carbon stock variability has decreased by 50% compared to the referential variability due to the effects of the incentive schemes to reduce deforestation and forest degradation. The predicted emission reductions using Approaches A and B are shown in Figures 3 and 4 , respectively.
The errors of referential carbon stocks (e 1 ) showed negative correlations with the emission reductions (∆C A ), which mean the emission reductions would significantly decrease with increased errors of referential carbon stocks (see Figure 3) . The results demonstrated that the larger predicted errors of referential carbon stocks would overestimate the referential carbon stocks, thus resulting in smaller predicted emission reductions. The errors of actual carbon stocks (e 2 ) also had negative correlations with the emission reductions (∆C A ). The increase of e 2 would produce underestimates of actual carbon stocks and decreased emission reductions. The negative emission reductions in Figure 3 demonstrate that the uncertainties would overestimate the referential carbon stocks and underestimate the actual carbon stocks, resulting in lower actual carbon stocks compared to the referential carbon stocks.
Developing countries with high carbon stock variability in the reference scenario were less affected by the estimated uncertainties than developing countries with low carbon stock variability (see Figure 3) . Nigeria had the maximum carbon stock variability (θ B = −23.04%), and its emission reductions were negative only when e 1 ≥ 5% and e 2 = 10%, or e 1 = 10% and e 2 ≥ 5%. As a comparison, Brazil had the minimum carbon stock variability (θ B = −0.67%), and its emission reductions were positive only when both errors were zero (i.e., e 1 = 0% and e 2 = 0%). Brazil's emission reductions would be negative if there were any errors, which suggested that developing countries with low carbon stock variability were more sensitive to errors. The negative emission reductions imply that the increase of the errors would offset the positive incentive effects of REDD+ projects; therefore, reducing the errors of referential and actual carbon stocks could improve the incentive effects.
Comparing the effects of two errors indicated that the predicted emission reductions were more likely to be underestimated due to the error of actual carbon stocks (e 2 ). In Indonesia, for example, the emission reductions were 55.99 Tg when e 1 = 5% and e 2 = 0%, but the emission reductions were 25.09 Tg when e 1 = 0% and e 2 = 5%. That means that the error of actual carbon stocks (e 2 ) is more likely to cause underestimated emission reductions than the error of referential carbon stocks (e 1 ).
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Comparing the effects of two errors indicated that the predicted emission reductions were more likely to be underestimated due to the error of actual carbon stocks (e2). In Indonesia, for example, the emission reductions were 55.99 Tg when e1 = 5% and e2 = 0%, but the emission reductions were 25.09 Tg when e1 = 0% and e2 = 5%. That means that the error of actual carbon stocks (e2) is more likely to cause underestimated emission reductions than the error of referential carbon stocks (e1). The errors of referential carbon stocks (e1) had a positive correlation with emission reductions (ΔCB), which resulted in increasing ΔCB values with e1 (see Figure 4) . However, the errors of actual carbon stocks (e2) displayed a negative correlation with the emission reductions (ΔCB), which suggests ΔCB would decrease with an increase of e2. The results in Figure 4 also implied that reducing e1 or increasing e2 could both improve the incentive effects of REDD+ projects.
Our findings suggested that developing countries with low carbon stock variability were more sensitive to the errors of the referential carbon stock (e1) (see Figure 4) . The predicted emission reductions were all positive with any error in Nigeria, which had the maximum carbon stock variability (θB = −23.04%). However, the predicted emission reductions were positive when e1 ≤ 1% and negative when e1 ≥ 2% in Brazil, which has the minimum carbon stock variability (θB = −0.67%). The errors of referential carbon stocks (e 1 ) had a positive correlation with emission reductions (∆C B ), which resulted in increasing ∆C B values with e 1 (see Figure 4) . However, the errors of actual carbon stocks (e 2 ) displayed a negative correlation with the emission reductions (∆C B ), which suggests ∆C B would decrease with an increase of e 2 . The results in Figure 4 also implied that reducing e 1 or increasing e 2 could both improve the incentive effects of REDD+ projects.
Our findings suggested that developing countries with low carbon stock variability were more sensitive to the errors of the referential carbon stock (e 1 ) (see Figure 4) . The predicted emission reductions were all positive with any error in Nigeria, which had the maximum carbon stock variability (θ B = −23.04%). However, the predicted emission reductions were positive when e 1 ≤ 1% and negative when e 1 ≥ 2% in Brazil, which has the minimum carbon stock variability (θ B = −0.67%). Meanwhile, developing countries with low carbon stock variability fared better with the errors of actual carbon stock (e 2 ). In Brazil, the predicted emission reductions were 6540.97 Tg when e 1 = 0% and e 2 = 10%, but they were −5283.61 Tg when e 1 = 10% and e 2 = 0%. By contrast, the predicted emission reductions were 170.08 Tg when e 1 = 0% and e 2 = 10%, but they were 31.94 Tg when e 1 = 10% and e 2 = 0% in Nigeria, which had the maximum carbon stock variability. Therefore, developing countries with low carbon stock variability could switch emission reductions from negative to positive by increasing the errors of actual carbon stocks, which is not consistent with reality. with low carbon stock variability could switch emission reductions from negative to positive by increasing the errors of actual carbon stocks, which is not consistent with reality. Our results in Figure 4 indicated that the errors of referential carbon stocks (e1) would offset the positive incentive effects of REDD+ projects, while the errors of actual carbon stocks (e2) would enhance the incentive effects. However, the promoting effects of e2 were achieved only by overestimating actual carbon stocks, which is not consistent with the target of reducing emissions from deforestation and forest degradation. Since Approach B only considers the error of referential carbon stocks rather than the error of actual carbon stocks, it will trigger the incentive to increase the error of actual carbon stocks when predicting emission reductions, which does not conform to the original intentions of REDD+ projects. Thus, Approach B will not be used to measure the effects of estimated uncertainties on emission reduction estimations and incentives in this paper. In contrast, Approach A is consistent with the target of REDD+ projects; thus, this approach will be used to measure the effects of estimated uncertainties on incentive coefficient for our analysis. This paper Our results in Figure 4 indicated that the errors of referential carbon stocks (e 1 ) would offset the positive incentive effects of REDD+ projects, while the errors of actual carbon stocks (e 2 ) would enhance the incentive effects. However, the promoting effects of e 2 were achieved only by overestimating actual carbon stocks, which is not consistent with the target of reducing emissions from deforestation and forest degradation. Since Approach B only considers the error of referential carbon stocks rather than the error of actual carbon stocks, it will trigger the incentive to increase the error of actual carbon stocks when predicting emission reductions, which does not conform to the original intentions of REDD+ projects. Thus, Approach B will not be used to measure the effects of estimated uncertainties on emission reduction estimations and incentives in this paper. In contrast, Approach A is consistent with the target of REDD+ projects; thus, this approach will be used to measure the effects of estimated uncertainties on incentive coefficient for our analysis. This paper will consider the error of referential carbon stocks and the error of actual carbon stocks when measuring the effects of estimated uncertainties.
Effects of Estimated Uncertainties on Incentives
Our findings indicated that using Approach A to predict emission reductions is consistent with the target of REDD+ projects. Thus, the required minimum incentive coefficients to make the emission reductions positive (α) can be obtained using Equation (6) . Finally, Approach A is adopted to analyze the sensitivity of incentive coefficient using the data in Table 1 . The results are displayed in Figure 5 . The simulation results suggested that the incentive coefficient displayed a tendency to increase with increasing e1 and e2 values in the selected six developing countries, which implied a positive correlation between the errors and incentive coefficients. It demonstrates that the errors of referential and actual carbon stocks can both lead to underestimates of emission reduction values. Thus, with the increase of errors, more incentives would be required to offset the underestimates of emission reductions caused by the errors.
The increase of errors would lead to increasing incentive coefficients, regardless of whether it was the error of referential carbon stocks or the error of actual carbon stocks (see Figure 5 ). Since it is assumed that the estimated uncertainties may offset the positive incentive effect of REDD+ projects, it is necessary to provide more incentives as the errors increasing to ensure that the carbon emission reductions are greater than zero. Taking Cambodia as an example, the actual carbon stocks could be The simulation results suggested that the incentive coefficient displayed a tendency to increase with increasing e 1 and e 2 values in the selected six developing countries, which implied a positive correlation between the errors and incentive coefficients. It demonstrates that the errors of referential and actual carbon stocks can both lead to underestimates of emission reduction values. Thus, with the increase of errors, more incentives would be required to offset the underestimates of emission reductions caused by the errors.
The increase of errors would lead to increasing incentive coefficients, regardless of whether it was the error of referential carbon stocks or the error of actual carbon stocks (see Figure 5 ). Since it is assumed that the estimated uncertainties may offset the positive incentive effect of REDD+ projects, it is necessary to provide more incentives as the errors increasing to ensure that the carbon emission reductions are greater than zero. Taking Cambodia as an example, the actual carbon stocks could be the same with the referential carbon stocks without any incentives (α = 0) when e 1 = 0% and e 2 = 0%. However, more incentives are required to ensure the emission reductions are greater than zero with the errors rising. The incentive coefficient became 3.10 when e 1 = 10% and e 2 = 10%, which suggests that, compared to the scenario without errors, REDD+ projects need to provide 3.10 times the incentive coefficient to play a role in reducing emissions. Thus, reducing errors could significantly reduce the required incentives for REDD+ projects, which can reduce project costs and improve project performance.
By comparing the incentive coefficients of each country, it can be found that the developing countries with low carbon stock variability would require more incentives given the same errors. The required incentive coefficient to achieve reducing emissions (i.e., ∆C A ≥ 0) was smallest in Nigeria (α = 0.74), which has the maximum referential carbon stock variability (θ B = −23.04%). By contrast, the required incentive coefficient was largest in Brazil (α = 32.82) with the minimum referential carbon stock variability (θ B = −0.67%). When the incentive coefficient was greater than one, a developing country not only needs to prevent or reduce deforestation and forest degradation, but it also needs additional afforestation to achieve emission reductions at the end of the commitment period. Since the developing countries with low carbon stock variability need more incentives with the increase of errors, the estimated uncertainties would implement REDD+ projects more difficult in these developing countries.
The effects of e 2 on incentive coefficients (α) are more significant than the effects of e 1 in the selected developing countries. Such phenomenon becomes more significant with the errors rising. Take Honduras as an example, the incentive coefficient was 0.85 when e 1 = 0% and e 2 = 10%, but it was 0.77 when e 1 = 10% and e 2 = 0%. It suggests that compared to the error of referential carbon stocks, the error of actual carbon stocks is more likely to lead to underestimation of emission reductions, thereby requiring more incentives.
Discussion
According to the principle of the reliable minimum estimate, this paper establishes an estimation approach for emission reductions by considering incentives, which could measure the effects of estimated uncertainties on incentives. In fact, the emission reductions depend mainly on the initial carbon stocks, referential carbon stock variability, and the incentive coefficient. The simulation results showed that the prediction of emission reductions should consider the errors of referential and actual carbon stocks. If only the errors of referential carbon stocks are considered, then the incentive of increasing emission reductions would be created by increasing the error of actual carbon stocks, which would be incompatible with the target of establishing a reliable and acceptable MRV system [32] .
The simulation results also confirmed that the two estimated uncertainties might lead to an underestimation of emission reductions, thereby reducing the incentive effects of REDD+ projects. With the increase of errors, the required minimum incentive coefficient would also rise to ensure positive emission reduction values. In developing countries with low carbon stock variability, the accountable emission reductions are difficult to obtain with estimated uncertainties. Since the developing countries with low carbon stock variability need more prevention of deforestation and forest degradation, and even additional afforestation to achieve reducing emissions, they often do not benefit from REDD+ projects [30] . By contrast, REDD+ projects tend to have more incentives for developing countries with high carbon stock variability. According to data from the Multi-Partner Trust Fund Office (http://mptf.undp.org/factsheet/fund/) (see Table 2 ), UN-REDD Program has funded four of the selected developing countries as of the end of October 2016. However, Brazil and Ghana, both of which have low carbon stock variability, have not received any funding from the UN-REDD Program. This evidence also confirms that the incentive scheme of REDD+ projects is more favorable to developing countries with high carbon stock variability, and the estimated uncertainties would make these developing countries more inclined to implement REDD+ projects. It can be found that the effects of error of actual carbon stocks are more significant by comparing the effect differences of two errors. Thus, the required incentive coefficient would decline more rapidly by reducing the error of actual carbon stocks than by reducing the error of referential carbon stock, which would make implementing REDD+ projects easier. Better estimates of the total uncertainty of emission reductions require reliable data and transparency regarding land use change (LUC), and an adequate method to estimate the error of LUC [14] . Compared with the error of referential carbon stocks, it is easier to determine the error of actual carbon stocks by establishing an accurate MRV system to monitor the change of above-ground biomass [41] . Due to the heterogeneity of national conditions and capabilities, the REDD+ framework is determined to represent a compromise [42] . Thus, there is no international standardized method to determine referential carbon stocks. Moreover, errors of referential carbon stocks have been more difficult to obtain. It is better to reduce the error of actual carbon stocks when estimating emission reductions of REDD+ projects to improve the incentive effects, which is helpful to implement REDD+ projects.
Finally, we note that these results have implications for designing incentive schemes of REDD+ projects in developing countries. This paper has demonstrated that the incentive schemes of REDD+ projects are more favorable to developing countries with high carbon stock variability due to the estimated uncertainties. Therefore, the setting method of referential carbon stocks needs to be improved to provide more equitable incentives for developing countries with high carbon stock variability and low carbon stock variability. Furthermore, since the effects of error of actual carbon stocks are more significant than those of error of referential carbon stocks, developed countries need to provide more financial and technical supports for developing countries to enhance their forest-monitoring capacity [43] . Such measures could help developing countries build and improve their MRV systems, which may reduce errors of actual carbon stocks and increase incentives for implementing REDD+ projects [44] .
Conclusions
This paper contributes a better understanding of the effects of estimated uncertainties on emission reduction estimations and incentive schemes by simulating the relationship between estimated uncertainties and the incentive coefficient. The types of estimated uncertainties and the effect difference could be identified more readily by introducing two estimation approaches for emission reductions, which could provide a scientific basis for the further implementation of REDD+ projects in the future. The two approaches, based on the RME principle, were used to analyze the effects of estimated uncertainties, which could provide new ideas for estimating the uncertainties in REDD+ projects. Since Approach B was not consistent with the target of establishing a reliable MRV system, only Approach A was used to simulate the effects of estimated uncertainties on the incentive coefficient using data from six developing countries during the period 2010-2015.
This paper makes the following three contributions: (i) establishing two estimation approaches for emission reductions, and simulating the effects of estimated uncertainties by using a series of national data with different variabilities of carbon stocks; (ii) demonstrating that estimating emission reductions should consider the errors of referential and actual carbon stocks, and the error of actual carbon stocks commonly had a more significant effect on emission reduction estimations and the incentive coefficient; and (iii) revealing that the current incentive scheme of REDD+ projects is more beneficial to developing countries with high carbon stock variability, while the developing countries with low carbon stock variability often do not have enough incentives. The above analysis and discussion offer new insight into estimating and predicting emission reductions in developing countries. To easily improve the incentives for developing countries, reducing the error of actual carbon stocks by establishing an accurate MRV system in estimating and predicting the emission reductions should be a priority in the future designs of REDD+ projects. The incentives for developing countries with low carbon stock variability should also be increased by improving the setting method of referential carbon stocks to follow the "3E" criteria proposed by Angelsen [45] , namely carbon effective, cost efficiency, and equity. Such policy intervention could ensure that developing countries with different carbon stock variabilities can receive equitable incentives.
However, some limitations in this paper need to be acknowledged. The findings rely mostly on theoretical analysis, and have not yet been used for practice. Thus, this paper has not examined the practical value. Moreover, this paper has not fully considered some reporting standards adopted internationally, such as the emission factors and area change in IPCC Good Practice Guidance [27] .
